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Outline 
Landscape Level 
Tree density, basal area, volume, biomass, etc. 
Airborne LiDAR (ALS) 
LAStools, Fusion 
Stand Level 
Tree density, basal area, volume, biomass, etc. 
Individual tree detection 
Airborne LiDAR (ALS) 
LASTools, Fusion, rLiDAR 
Plot Level 
Tree density, basal area, volume, biomass, etc. 
Individual tree detection 
ALS, Terrestrial LiDAR (TLS) 
LAStools, Fusion, rLiDAR, Web-LiDAR 
Tree Level 
Individual tree crown extraction 
ALS, TLS, Structure for Motion 
LAStools, Fusion, rLiDAR, Web-LiDAR 
Microplot Level 
Individual fuel elements, plant types 
TLS, Photogrammetric point clouds 
LAStools, Fusion, rLiDAR, Web-LiDAR 
O
tt
m
ar
 e
t a
l. 
(2
01
5)
 In
te
rn
ati
on
al
 Jo
ur
na
l o
f W
ild
la
nd
 F
ire
 
Eglin Air Force Base (AFB) 
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Eglin Air Force Base (AFB) 
Lidar data processing 
Low density lidar (1-2 points/m2) for 186,350 ha Eglin Air Force 
Base 
High density lidar (7 points/m2) for surface fuels mapping in several 
land management units (2-828 ha) prior to prescribed burning 
Used LAStools software for eﬃcient processing of large datasets  
Used Fusion software for a larger set of height and density metrics 
Created metrics at a 30m-resolution across entire Eglin AFB (i.e., 
map units) and within 1-ha monitoring plots (n=195) where fuels 
were non-destructively sampled and 0.08-ha inventory plots 
(n=27) where fuels were destructively sampled (i.e., model units) 
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LiDAR metrics 
as candidate 
predictor 
variables in a 
nonparametric 
Random Forest 
model 
Variable name Variable description 
min Minimum lidar height 
max Maximum lidar height 
avg Average lidar height 
std Standard deviation of lidar height 
ske Skewness of lidar heights 
kur Kurtosis of lidar heights 
p10 10th percentile of lidar heights 
p25 25th percentile of lidar heights 
p50 50th percentile of lidar heights 
p75 75th percentile of lidar heights 
p90 90th percentile of lidar heights 
cov Canopy cover – percentage of ﬁrst returns above 1.37 m 
dns Canopy density – percentage of all returns above 1.37 m 
d01 Percentage of returns 0-0.05 m in height 
d02 Percentage of returns 0.05-0.15 m in height 
d03 Percentage of returns 0.15-0.5 m in height 
d04 Percentage of returns 0.5-1 m in height 
d05 Percentage of returns 1-1.37 m in height 
d06 Percentage of returns 1.37-5 m in height 
d07 Percentage of returns 5-10 m in height 
d08 Percentage of returns 10-20 m in height 
d09 Percentage of returns 20-30 m in height 
LiDAR metrics 
selected as 
predictor 
variables in a 
nonparametric 
Random Forest 
model 
Variable name Variable description 
min Minimum lidar height 
max Maximum lidar height 
avg Average lidar height 
std Standard deviation of lidar height 
ske Skewness of lidar heights 
kur Kurtosis of lidar heights 
p10 10th percentile of lidar heights 
p25 25th percentile of lidar heights 
p50 50th percentile of lidar heights 
p75 75th percentile of lidar heights 
p90 90th percentile of lidar heights 
cov Canopy cover – percentage of ﬁrst returns above 1.37 m 
dns Canopy density – percentage of all returns above 1.37 m 
d01 Percentage of returns 0-0.05 m in height 
d02 Percentage of returns 0.05-0.15 m in height 
d03 Percentage of returns 0.15-0.5 m in height 
d04 Percentage of returns 0.5-1 m in height 
d05 Percentage of returns 1-1.37 m in height 
d06 Percentage of returns 1.37-5 m in height 
d07 Percentage of returns 5-10 m in height 
d08 Percentage of returns 10-20 m in height 
d09 Percentage of returns 20-30 m in height 
Pearson  
correlation (r) 
between any 
two predictors 
< 0.9 
Hudak et al. (In Review) Canadian Journal of Remote Sensing 
Hudak et al. (In Review) Canadian Journal of Remote Sensing 
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Microplot Scale 
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Photogrammetry data and metrics 
Photogrammetry data collected at microplots 
Output similar to that obtained from lidar: x,y,z locations along with true color 
red, green, blue values similar to intensity 
Used LAStools to deﬁne ground and calculate LiDAR-type height and density 
metrics within 100 cm2 grid cells 
1 
meter 
Photogrammetry data and metrics 
Photogrammetry data collected at microplots 
Output similar to that obtained from lidar: x,y,z locations along with true color 
red, green, blue values similar to intensity 
Used LAStools to deﬁne ground and calculate LiDAR-type height and density 
metrics within 100 cm2 grid cells 
1 
meter 
Maximum 
height (cm) 
50 
25 
0 
Br
ig
ht
 e
t a
l. 
(In
 R
ev
ie
w
) C
an
ad
ia
n 
Jo
ur
na
l o
f R
em
ot
e 
Se
ns
in
g 
Bright et al. (In Review) Canadian Journal of Remote Sensing 
Airborne Laser Scanning (ALS) 
Terrestrial Laser Scanning (TLS) 
Unmanned Aerial Vehicle - Structure for Motion (UAV-SfM) 
Static plot view, canopy height model (CHM), and 3D point cloud from: 
ALS (A1-3), TLS (B1-3), and ALS+TLS (C1-3). 
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Silva et al. (In Review) Canadian Journal of Remote Sensing 
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Currently: PhD Student at 
University of Idaho 
1. LiDARTreeTop: http://forest.moscowfsl.wsu.edu:3838/LiDARTreeTop/ 
2. LiDARAlphaShape3D:http://forest.moscowfsl.wsu.edu:3838/LiDARAlphaShape3D/ 
3. LiDAR3DclusterTree: http://forest.moscowfsl.wsu.edu:3838/LiDAR3DclusterTree/ 
4. LiDARTreeExtractor: http://forest.moscowfsl.wsu.edu:3838/LiDARTreeExtractor/ 
5. LiDAR3DClipTree: http://forest.moscowfsl.wsu.edu:3838/LiDAR3DClipTree/ 
6. LiDARLASmetrics: http://forest.moscowfsl.wsu.edu:3838/LiDARLASmetrics/ 
7. LiDARtreesModel3D: http://forest.moscowfsl.wsu.edu:3838/csilva/LiDARtreesModel3D/ 
8. LiDARstand3D: http://forest.moscowfsl.wsu.edu:3838/csilva/LiDARstand3D/ 
9. LiDARpine3D: http://forest.moscowfsl.wsu.edu:3838/csilva/LiDARpine3D/ 
Hosted on the website: Web-LiDAR forest inventory applications: 
http://forest.moscowfsl.wsu.edu:3838/csilva/Web-LiDAR/ 
 
Web-LiDAR forest inventory applications:  
http://forest.moscowfsl.wsu.edu:3838/csilva/Web-LiDAR/ 
 
rLiDAR: An R package for reading, processing and visualizing LiDAR (Light 
Detection and Ranging) data: 
https://r-forge.r-project.org/projects/rlidar/ 
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